The electroencephalogram (EEG) is an important tool in determining the presence or absence of clinical seizures in neonates. The design of an efficient automated EEG seizure detection method suitable for use in the clinical environment would be beneficial. Existing methods include a timefrequency (TF) matched filter approach, which correlates TF seizure templates with time-frequency distributions (TFDs) of the EEG to detect seizure. A major problem with this method is the pre-selection of a template set that adequately represents all different TFD seizure types. To overcome this problem, a new method is proposed that applies the TF matched filter but eliminates the need for a predefined template set. Preliminary results are presented for both real and simulated EEG data.
INTRODUCTION
In its original form, the matched filter is a linear filter designed to maximise the signal to noise ratio when trying to detect a deterministic signal s(t) embedded in additive noise n(t) [1] . It is assumed that the input to this filter can take two forms, H 0 : x(t) = s(t) + n(t) signal present, H 1 : x(t) = n(t) signal absent.
over time period T . For the case when n(t) is white Gaussian noise (WGN), the matched filter is an optimum detector and is equivalent to the correlation of the noisy signal x(t) with the reference signal s(t) (assumed to be known). The signal s(t) is assumed to be present in the signal x(t) if for a predefined threshold ζ, the following is satisfied
x(t)s * (t)dt
If s(t) is a nonstationary signal, it is more suitably represented in the time-frequency (TF) domain by a quadratic TFD [2] . All quadratic TFDs can be related to the WignerVille distribution (WVD) through their TF kernel γ(t, f ) as, for signal z(t), the TFD is defined as
with * representing the convolution operation and where the WVD (also a quadratic TFD) is defined as
For nonstationary signals, the detection problem can be formulated in the TF domain as [1] 
where η tf represents the detection statistic for received signal x(t) and reference signal s(t). For the case when both the TFDs are WVDs, the detection statistics given in (1) and (3) have the following relationship:
. In most practical cases, the conditions needed to satisfy the optimality of the matched filter are not satisfied. For example, in most detection problems dealing with reallife signals, a comprehensive set of reference signals is not available. Also the assumption that the noise is stationary WGN is rarely satisfied. In these cases, it may be more appropriate to build a TFD reference set (referred to here as a template set) using the TF characteristics of the event to be detected. This approach has the advantage that the variability of the event can be captured in a finite number of templates. With the optimality of the filter reduced to a suboptimality, a TF kernel may be used to enhance the characteristics of the event to be detected and improve detection rates, as evidenced by empirically findings in [3] .
EEG Seizure Detection using a TF Matched Filter
A number of methods for detecting seizure in the newborn have been proposed, though have not yet been proven suit-able for use in a clinical environment [4] . The goal, therefore, is to produce a robust and accurate method suitable for clinical implementation.
A detection method employing the TF matched filter described in (3) was presented in [5] . The idea of this method was to model identified features from the TFD of seizures and produce a set of templates from this model to act as references. The model chosen was a piece-wise linear frequency modulated (PWLFM) signal. The parameters of this PWFLM signal model for each template are selected to model a particular type of seizure identified from the training set. The goal is to represent all seizure types in some sort of optimum template set. An immediate problem in defining this template set, therefore, is the 'curse of dimensionality' [3] . The template set should not be too large, as it will not generalise properly from the training data, but large enough to represent the different seizure types.
In an effort to address this problem, a modified version of this TF matched filter was proposed [6] . The method constructed the template set based on an approximate PWLFM signal model, with a reduced number of parameters. This resulted in a reduced template set size which provided better detection performance than the original method [6] . Even though this method proved more robust, it nonetheless, still requires the definition of an optimum template set.
In order to address this problem of template set selection, a new method based on a TF matched filter will be proposed in this paper. This method is essentially based on a self-correlating (or type of auto-correlation) test statistic which eliminates the need for predefining a template set.
NEW DETECTION METHOD
The main feature of neonatal EEG seizure identified in the TF domain is the presence of a dominant quasi-linear frequency modulated (LFM) or quasi-PWLFM signal component with or without additional harmonics [5, 6, 7] (henceforth collectively described as LFM-type components). It is was found that these LFM-type components are present and continuous for the seizure event, with their slope values ranging from approximately −0.1 → 0.1Hz/sec [5] . The non-seizure events (henceforth referred to as background) on the other hand, are more stochastic in nature, lacking any dominant deterministic features in the TF domain [5, 6] . The basic concept of this proposed method is to detect the presence or absence of a LFM-type component in the TFD.
The detection process is detailed as follows. Firstly the EEG data is split up into epochs s j (t) of length T e starting at time t 
(4) over the time period T s .This segmentation process is illustrated in Fig. 1 for the different segments i ∈ {0, 1, 2, 3}.
The template TFD, defined asρ j(i−1) (t, f ) def = ρ j(i−1) (iT s − t, f ) (which is a time-inverted segment), is correlated with ρ ji (t, f ) to produce test statistic η ji , for i = 1, 2, 3.
Assuming that a LFM-type signal is present in ρ j (t, f ), and the instantaneous frequency (IF) law of this continuous component passes through the point (t j s + iT s , f ji ), then ρ j(i−1) (t, f ) and ρ ji (t, f ) will be equal around t = 0, though may diverge after this depending on the values of the slopes α j(i−1) and α ji , as illustrated in Fig. 2 . If the component in templateρ j(i−1) (t, f ) is rotated about (0, f ji ) to the angle α jk = α j(i−1) + α ji , then the two TFDs would match and produce a large η ji value. As no information is available about the values of these slopes, the template TFD is rotated about a discrete set of slopes Θ = {θ 1 , θ 2 , . . . , θ K }, thus producing a set of rotated template TFDs. Each rotated TFD, expressed asρ
η ji is simply chosen as
The set of rotated TFDs is expressed as
where signal m k (t) = e j2π(θ k /2)t 2 , for θ k ∈ Θ over time period T s , is used in forming W m k (t, f ). continuous and present through the 4 segments, then each η ji will remain relatively large, likewise, if a component is not present over all segments then η j will be reduced. Thus the size of the epoch T e should reflect some lower limit on the duration of the EEG seizure.
Two scenarios may produce a large η j value for a discontinuous component, namely, if the discontinuous components are centred in time around t j s + iT s , or, at equidistance in time from t j s +iT s , for i = 1, 2, 3. In order to ensure that these scenarios do not produce a large η j value, the sliding window applied to the data needs to have a significant overlap (larger than 75% of T e ). This can be achieved by setting b < 1/4, for the epoch start time t Although the seizure LFM-type components can have a slope as large as ±0.1Hz/sec, the rate of slope change is rather small over an epoch of less than 20 seconds [5, 7] . Therefore, a penalisation measure should be added to the detection method to prevent false detections of components that do not conform to this signal type. This is achieved by first specifying the maximum slopes selected from η ji (θ k ), expressed as
The penalisation function is defined as
where σ ji is the variance of θ ji max over i = 1, 2, 3. The value w in (6) is a weighting parameter that can be adjusted in the range σ The proposed method can be summarised as follows:
• initialise for j = 0, set epoch start time t j s = 0
• get ρ j (t, f ) for the j th EEG epoch of length T e ;
• segment ρ j (t, f ) into 4 TFDs, ρ ji (t, f ), of length T s ;
• construct set of rotated TFDs,ρ θ k j(i−1) (t, f ) (see (5));
• let η ji = max
• iterate over i = 1, 2, 3 and let η j = min η ji ;
• penalise for big variance in slopes, let η j = η j c(θ ji max ), (see (6) ) and compare η j with a threshold to determine if seizure is present or not;
• iterate j for epochs with overlapping sliding window; let t 
RESULTS
The method was tested on real and simulated data with an epoch length of 12.8 seconds. For the simulated data (see [7] for details) 400 epochs were realised. For the real data, a set of 100 epochs were taken from 6 different babies. The reason being that this was just preliminary testing of the method's ability to detect seizure, based on one independent short epoch. The data was filtered by bandlimiting to 0.5 → 10Hz, and resampled at 20Hz. The following parameters were used in the method. The TFD epoch length was set at T e = 11.4 seconds (T s = 2.85 seconds) with an epoch overlap over of 10 seconds (equal to b = 1.4/11.4). Therefore over the maximum 12.8 seconds data segment, two epochs were used and the results were averaged. Thus seizure was declared present or absent for the whole 12.8 second data segment. A vector of slopes of length K = 16 was used, ranging linearly from −0.23 → 0.23Hz/sec. The function c(θ ji max ) defined in (6) was supplied with a weight value of w = 0.08. A separable kernel γ(t, f ) = g 1 (t)G 2 (f ) was used in ρ j (t, f ), where g 1 (t) is a Hamming window of length T e /12 and g 2 (τ ) (the inverse Fourier transform of G 2 (f )) is a Bartlett window of length T e /3.
The receiver operator characteristic (ROC) plots can be seen in Fig. 3 for both EEG data sets. In an effort to justify the use of η tf rather than |η t | 2 (defined in (3) and (1) respectively) for the detection statistic, the method was tested with ρ j (t, f ) set to both a TFD, of the form (2), and a WVD. As discussed in Section 1, although η tf may not be an optimal detector for the given conditions, it may provide better performance when these conditions are relaxed.
In both cases, using the TFD produces better performance than the WVD, as illustrated in Fig. 3 . This could be due to various reasons, including: the method assumes that the component in each TFD segment is exactly LFM.
If this is not case, then the TFD provides a certain degree of smoothing and may more closely approximate a LFM. Also if harmonic components are present, then cross-terms [2] will be present in the WVD segments making the matching more difficult. A desirable TFD should suppress these cross-terms whilst preserving the auto-terms of the components. If a threshold is applied to the proposed method (using the TFD with a separable kernel) the true detection rate (TDR) and false detection rate (FDR) can be measured. TDR and FDR are defined as: the TDR is the ratio of the number of true seizures detected to the total number of seizures present in the EEG, and the FDR is the ratio of the number of incorrect seizures detected to the number of total nonseizures. Using the proposed detection method the following results were obtained: 96% TDR and 6% FDR for the simulated data and 80% TDR and 8% FDR for the real data.
Discussion
The method has the advantage of being able to detect monocomponent PWLFM components plus PWLFM components with harmonics, as the IF law of the harmonic components closely follows the main component. Existing TF matched filter methods ( [5] and [6] ) only include a monocomponent PWLFM signal model, as the addition of harmonic components would further increase the complexity of the model and exasperate the problem of defining the optimum template set.
The proposed method will be applied to a whole continuous recording of EEG, rather than the short epoch segments used in the results section. Also, the proposed method could benefit from further study of certain parameters used, in particular the set of slopes Θ and the penalisation function c(θ ji max ). Finally, this method needs to be compared with other methods, such as [6] , using a common data set to validate it usefulness.
CONCLUSION
A new method for the detection of neonatal EEG seizures is presented in this paper. The method uses a TF matched filter based on the assumption that seizure is represented by a dominant LFM-type component in the TF domain, whilst the background is more stochastic in nature. The proposed method has the advantage of not requiring a predefined template set. Empirical justification for using the TF matched filter rather than the more common time-domain matched filter approach was provided. Preliminary results from real and simulated EEG data were very encouraging.
